Global environmental change has increased forest vulnerability to the occurrence of interacting disturbances, including wildfires and invasive diseases. Mapping post-fire burn severity in a disease-affected forest often faces challenges because burned and infested trees may exhibit a high similarity in spectral reflectance. In this study, we combined (pre-and post-fire) Landsat imagery and (post-fire) high-spectral resolution airborne MASTER data [MODIS (moderate resolution imaging spectroradiometer)/ASTER (advanced spaceborne thermal emission and reflection radiometer)] to map burn severity in a California coastal forest environment, where a non-native forest disease sudden oak death (SOD) was causing substantial tree mortality. Results showed that the use of Landsat plus MASTER bundle performed better than using the individual sensors in most of the evaluated forest strata from ground to canopy layers (i.e., substrate, shrubs, intermediate-sized trees, dominant trees and average), with the best model performance achieved at the dominant tree layer. The mid to thermal infrared spectral bands (3.0-12.5 m) from MAS-TER were found to augment Landsat's visible to shortwave infrared bands in burn severity assessment. We also found that infested and uninfested forests similarly experienced moderate to high degrees of burns where CBI (composite burn index) values were higher than 1. However, differences occurred in the regions with low burn severity (CBI values lower than 1), where uninfested stands revealed a much lower burn effect than that in infested stands, possibly due to their higher resilience to small fire disturbances as a result of higher leaf water content.
Introduction
Forests play a key role as global terrestrial carbon sinks responsible for an annual uptake of over one quarter of the anthropogenic carbon dioxide (CO 2 ) from the atmosphere (Pan et al., 2012) . Compared to the net carbon sequestration through tree growth, carbon loss may be occurring at a faster pace through natural disturbances including wildfire (Kurz et al., 2008a; Asner, 2013) . Recently, increased fire activities have been reported in major forest biomes, such as Brazilian Amazon, Canadian boreal and western USA (Carcaillet et al., 2001; Westerling et al., 2006; Morton et al., 2013) . In the short term, forest fires directly transform living and dead organic matter at or above the soil surface to charred and blackened residues (Kokaly et al., 2007) , which in the long term may affect the structure and function of the ecosystem, and influence the spatial patterns of ecological succession (Turner et al., 1998; Metz et al., 2012 Metz et al., , 2013 . Hence, it is critical to understand the combustion degree of organic matters and the impact of heat on soil chemical properties in forests immediately following fire events, where the practice is typically referred to as burn severity assessment (Neary et al., 2005; Key and Benson, 2006; Lentile et al., 2006; Kokaly et al., 2007; Keeley, 2009) . Over the last three decades, remote sensing has proven effective in assessing the impacts of fire on forest ecosystems at local, regional and continental scales (Hall et al., 1980; Milne, 1986; Jakubauskas et al., 1990; White et al., 1996; Hudak and Brockett, 2004; Lentile et al., 2006; Veraverbeke et al., 2012) . While the detection of fire extents ("where") using remote sensing is relatively well established, recent research efforts have advanced the measurement of "how severely" wildfires change post-disturbance forest landscapes (i.e., burn severity) by capitalizing on the variation in spectral reflectance from burned vegetation and soil shortly after the fire events (Miller and Yool, 2002; Epting et al., 2005; Roy et al., 2006; Lentile et al., 2006; Miller and Thode, 2007; Harris et al., 2011; Quintano et al., 2013) . Here, we adopted the definition of burn severity as "the degree to which an ecosystem has changed owing to the fire" (Lentile et al., 2006) . Statistical regression and image classification are typical approaches used to link spectral reflectance from a burned forest with a field-measured burn severity index, such as composite burn index (CBI) ranging from zero to three or low to high (Key and Benson, 2006; Hultquist et al., 2014) .
Although there has been a growing body of literature on the application of remote sensing to assess burn severity across a diversity of environments [see reviews by Lentile et al. (2006) and Keeley (2009) ], few studies have discussed the uncertainty in mapping burn severity in a forest that is also subject to severe disturbances caused by invasive pests or pathogens. While increased fire events have been observed mainly due to the impact of warming fostered drought, the intensity and frequency of insect invasions and disease epidemics are likely to be accelerated resulting from global trade (Bergot et al., 2004; Wulder et al., 2006; Kurz et al., 2008b; Lamsal et al., 2011; Olsson et al., 2012) . Studies have found that it is becoming more frequent that wildfire affects a forest invaded by an exotic insect or disease (Jenkins et al., 2008; Metz et al., 2013) . Since the outbreaks of insect or disease could dramatically increase host fuel abundance and exhibit different patterns (due to patchy dispersal by the pest) , accurate assessment of forest burn severity requires a comprehensive investigation of how non-native species, including infectious disease, affect fire behavior. However, relatively little consideration has been given to the role that invasive pests or pathogens play in shaping spatial heterogeneities of burn severity.
To date, remotely sensed data used in the majority of burn severity studies have been from traditional sensors, such as Landsat and SPOT (Satellite Pour l'Observation de la Terre) (e.g., Roy et al., 2006; Fox et al., 2008) . Although promising results were reported with these broadband sensors using the VNIR-SWIR (visible to shortwave infrared, 0.4-3.0 m) spectral region, it remains unclear whether such data sets can provide satisfactory performance mapping burn severity in diseased forests, because post-fire spectral reflectance is complicated by both the degree of burn severity and disease-caused tree mortality. The disturbances of fire and forest disease may change spectral reflectance in similar ways. Recently, researchers found that sensors with an ability to acquire imagery of higher spectral resolution and broader spectral range may provide greater insights into the impact of fires on forests (Wagtendonk et al., 2004Wagtendonk et al., 2004 Kokaly et al., 2007 Veraverbeke et al., 2012) . MASTER [MODIS (moderate resolution imaging spectroradiometer)/ASTER (advanced spaceborne thermal emission and reflection radiometer)] airborne simulator is an example of a sensor capable of collecting 50-band imagery covering both the VNIR SWIR and MIR TIR (mid to thermal infrared, 3.0-12.5 m) spectral ranges. Hence, MASTER may have the potential to recognize disturbance related subtle variations in spectral reflectance, and augment burn severity assessments from broadband Landsat data in diseased forests.
Capitalizing on the emerging infectious disease sudden oak death (SOD) as case study of forest health decline prior to fire, we ask two questions that address the potential for combing MASTER airborne and Landsat TM data to assess the impact of a pre-fire biotic disturbance on forest burn severity: (i) what is the performance of combining MASTER and Landsat TM data in burn severity assessments compared to using data from individual sensors? (ii) Does SOD tree mortality influence burn severity measured using CBI in various forest strata from ground to canopy layers (i.e., substrate, herbs, shrubs, intermediate trees, dominant trees and the average)? 
Methods

Study area
Our study site (centered at: 36 • 16 N, 121 • 44 W) was located in the Big Sur ecoregion on the western flank of the Santa Lucia Mountains in California, covering an area of 28,383 ha (Fig. 1) . The area featured Mediterranean-type climate and a rugged landscape dissected by steep slopes and drainages with elevations ranging from sea level to 1571 m within 5 km of the coast (Meentemeyer et al., 2008) . Mixed coniferous forests, composed primarily of ponderosa pine (Pinus ponderosa), sugar pine (Pinus lambertiana), Jeffrey pine (Pinus jeffreyii), coulter pine (Pinus coulteri), and Santa Lucia fir (Abies bracteata), were located on upper elevation slopes and rocky ridges; while chaparral shrubland and annual grassland often dominated dry south-facing slopes and ridges at mid elevations (Davis et al., 2010) . In addition, mixed oak woodland consisting of coast live oak, Shreve's oak, bay laurel (Umbellularia californica), and madrone (Arbutus menziesii) occurred on moister slopes, giving way to riparian corridors of redwood-tanoak forest at lower elevations (Davis et al., 2010) . Since the mid-1990s, an invasive non-native pathogen Phytophthora ramorum -causing the disease sudden oak death (SOD) -has led to substantial mortality in two plant communities -mixed oak woodland and redwood-tanoak forests (Rizzo et al., 2005) . Despite the name 'sudden' oak death, the disease is a multi-year process that typically begins with suitable temperature and rainfall conditions for pathogen sporulation followed by development of stem cankers in susceptible hosts tanoak and some oaks, which may girdle a tree over several years or make the tree more susceptible to attack by other pathogens or insects. In 2008, major wildfires occurred for the first time in forests affected by SOD. The largest fire, the Basin Complex Fire, ignited from a dry lightning storm in late June and burned over 95,000 ha (USDA Forest Service, 2008). Our study system presents a unique opportunity to study the impacts of a destructive forest disease on a large wildfire. Fig. 2 shows an area affected by pre-fire SOD, and severely damaged by the 2008 Basin Complex Fire.
Field data
A network of long-term SOD monitoring plots (500 m 2 each) in Big Sur was established in 2006 and 2007 to understand the responses of forest communities (e.g., host mortality) to the invasion of SOD (Meentemeyer et al., 2008) . In September and October 2008, immediately following the containment of the Basin fire, we revisited a total of 61 plots to assess burn severities in both infested and uninfested forests. Among these randomly sampled plots, 42 were infected by SOD, while 19 were not (Metz et al., 2011) . Plotlevel fire severity was rated using the composite burn index (CBI), a rating from zero to three representing the damage to multiple forest strata as measured across the entire plot. Specifically, we followed Key and Benson (2006) by using a standard CBI data form to measure the depth of ash deposition, charred and intact duff, charred soil, soil with destroyed soil structure, and soil that had been fired to a red color, with details revealed in Metz et al. (2011) . The five forest strata evaluated for burn severity included: (1) substrate layer, measured as changes to coarse woody debris, soil, duff, and leaf litter; (2) herb layer, changes or responses of vegetation less than 1 m; (3) shrub layer, changes of vegetation higher than 1 m but less than 5 m; (4) intermediate-sized tree layer, any trees higher than 5 m but standing under the dominant trees; and (5) dominant tree layer (Metz et al., 2011) . We assessed CBI for the five forest strata and calculated a mean score representing an overall assessment of fire severity (i.e., average CBI). Table 1 shows the range (minimum and maximum), mean, median and standard deviation of all the six types of CBI.
MASTER imagery
The MASTER airborne simulator was originally developed to collect ASTER-like and MODIS-like data sets for supporting the validation of ASTER and MODIS algorithms (Hook et al., 2001) . MASTER is also similar to one of the two instruments on board the next generation satellite Hyperspectral Infrared Imager (HyspIRI) that offers multitemporal narrow bandwidth VSWIR MTIR data with global coverage (NASA, 2015) . Clearly, studies that employ MASTER airborne simulator offer potential to facilitate future applications of the spaceborne HyspIRI across regional to continental scales. The imagery collected by MASTER included 50 bands covering the visible to shortwave infrared (VNIR SWIR: bands 1-25), the mid infrared (MIR: bands 26-40), and the thermal infrared (TIR: bands 41-50) regions, with more details found in Hook et al. (2001) .
In this study, 12 transects of MASTER images covering the Basin Complex Fire area were collected by NASA-JPL from 12:14 to 14:00 pm on August 26, 2008 (approximately one month after the fire perimeter was contained). The sensor was kept in a small range of altitudes, and had an average ground resolution of 4.0 m. We obtained the MASTER data as a Level 1B product standard that was radiometrically calibrated and geo-located and encapsulated in hierarchical data format. The dimension of each image scene was 716 (the number of pixels) by the number of scan lines by 50 (number of MASTER bands). The scan lines of these 12 images ranged from 2639 to 7539, and the total number of scan lines was 71,033. All the images were processed to mitigate the view-angle brightness gradient effect, which was followed by radiometric and topographic corrections (Chen et al., 2015) . The mosaicked MAS-TER image was resampled to 30 m (facilitating the comparison with Landsat TM imagery), and co-registered with the Landsat TM 2007 image (see more details about Landsat image collection and processing in Section 2.4) yielding a RMSE (root mean squared error) of 0.46 pixels.
Landsat imagery
Two Landsat-5 TM image scenes (path 43, row 35) were acquired on September 16, 2007 and September 2, 2008 from the USGS archive in L1T format (orthocorrected) to represent pre-and postfire forest conditions in the study area. The images had solar zenith angles of 38.9 • and 36.2 • , and solar azimuth angles of 144.5 • Table 2 Independent variables used in burn severity modeling (NIR: near infrared, SSWIR: shorter short wave infrared, lSWIR: longer short wave infrared, MIR: mid infrared, E: emissivity). and 135.9 • , respectively. For both scenes, bands 1-5 and 7 were converted to at-sensor radiances, which were then converted to top-of-atmosphere (TOA) reflectance (Chander et al., 2009 ). The dark object subtraction algorithm was then used to derive surface reflectance (Chavez, 1996) , which was followed by topographic correction using the C-correction method and the ASTER-derived DEM data (Teillet et al., 1982; ASTER GDEM Validation Team, 2009 ). Finally, image-to-image co-registration was conducted using the 2007 Landsat scene as the base. A second-order polynomial warping method and bilinear neighbor resampling were applied based on 40 tie points, yielding a RMSE of 0.16 pixels.
Burn severity modeling
One of the major objectives of this study was to understand the impact of the forest disease SOD on burn severity. To do this, we developed two groups of models to assess burn severity for infested and uninfested forests, respectively. Within each group, we further analyzed the relationships between field-assessed CBI and remote sensing-derived variables for the five forest strata included in the CBI (i.e., substrate, herb, shrub, intermediate-sized tree, and dominant tree layers), as well as the average CBI. We also compared three types of remote sensing models using MASTER plus Landsat bundle, MASTER only, and Landsat only. Consequently, a total of 36 models were developed in our burn severity analysis.
While the dependent variable of burn severity (i.e., CBI) was measured in the field, the independent variables were extracted from the remotely sensed data: (i) spectral responses and (ii) spectral indices (Table 2) . Specifically, (i) spectral responses include all the 50 bands from the MASTER data, and six bands (i.e., bands 1-5, 7) from the 2008 post-fire Landsat image. (ii) Spectral indices extracted from the two sensors were slightly different. For Landsat, we extracted normalized burn ratio (NBR) and normalized difference vegetation (NDVI) from the 2008 post-fire data. Since the 2007 pre-fire Landsat data were available, we further calculated differenced NBR (dNBR) and differenced NDVI (dNDVI). These four indices have been widely used in previous burn severity assessments generating promising results (Tucker, 1979; Xiao et al., 2002) . For MASTER, we first extracted NBR and NDVI by following Harris et al. (2011) to select appropriate red, NIR, and lSWIR (longer short wave infrared) bands. It was not possible to calculate dNBR and dNDVI due to the lack of pre-fire data; however, we capitalized on the MASTER's unique MIR and TIR bands and calculated extra four indices: NIR SWIR emissivity version 1 and 2 (NSEv1 and NSEv2), Vegetation index 3 (VI3), and SWIRMIR index (SMI) (Kaufman and Rehmer, 1994; Veraverbeke et al., 2011 Veraverbeke et al., , 2012 . Specifically, VI3 and SMI were developed to employ the MIR spectral region and revealed high robustness against the presence of smoke, while NSEv1 and NSEv2 were created to incorporate emissivity from the thermal bands and showed relatively strong potential for discriminating immediate post-fire burned areas. Please refer to Table 2 for detailed equations and bands used.
Multiple linear regression models were developed to estimate burn severity from the remote sensing predictors. The rationale of choosing multiple regression was due to its wide application in burn severity mapping generating satisfactory results (e.g., Miller and Thode, 2007; Harris et al., 2011) . However, we also note that physical models and machine learning approaches have been used for similar mapping purposes (e.g., De Santis et al., 2007; Hultquist et al., 2014 Hultquist et al., 2014 . To avoid the overfitting problem common to regression models and reduce multicollinearity, correlation coefficients were first calculated between all independent (i.e., spectral responses and indices) and dependent (i.e., CBI) variables. Each independent variable was evaluated and retained under two rules: (1) its correlation value with any other independent variable should be lower than 0.7; or (2) if its correlation with another one or several independent variables is higher than 0.7, the variable should have the highest correlation value with the field-measured CBI of all these variables (Chen et al., 2011) . After discarding redundant independent variables, a forward stepwise method was used in the regression analysis to develop models at a 0.05 significance level. To calibrate models, we randomly selected 50% of the field data (i.e., 50% of the infested and uninfested plots, respectively), while the remainder was used in model validation.
Once the burn severity models were developed from the ground-truthed observations in 61 plots, they were applied separately in infested and uninfested forests based on a tree mortality map produced by Meentemeyer et al. (2008) who estimated the number of trees killed by SOD measured using high-resolution aerial images calibrated with field data. Apparently, the forest infestation status was acquired prior to the fire event.
Results and discussion
Comparison between Landsat and MASTER
We compared coefficient of determination (R 2 ) from all of the developed regression models using Landsat, MASTER, and the synergy of Landsat and MASTER for (a) infested and (b) uninfested forests (Fig. 3) . Similar trends were found in both types of forests. Specifically, Landsat and MASTER, as well as the combined data set, improved the performance of assessing burn severity (i.e., reaching highest R 2 values) at the dominant tree layer, which was the top layer of the five tested forest strata. The model performance progressively decreased from the relatively high intermediatesized tree layer, the shrub layer to the low substrate layer. This was expected as the signals received by remotely sensed optical sensors are typically biased to the upper level of forest canopies (Chen et al., 2012) . For the herb layer (vegetation less than 1.0 m in height), both Landsat and MASTER performed poorly, with R 2 close to 0. Besides the factor of low signal penetration rate, one particular reason was that burn severity at this layer was very high (e.g., max CBI of 3.0) in 80% the field plots, with mean and median CBI values close or equal to 3.0 (Table 1) . Because of such high CBI values for all plots, no trends were present in the data for this layer. In the following sections, herb layer will be removed from our discussion. We further found that the estimation of average CBI, representing an overall assessment of burn severity of all layers, showed average performance among all the models developed (Fig. 3) .
In addition, Fig. 3 shows that the combination of Landsat and MASTER consistently generated better results than using Landsat or MASTER only for almost all the evaluated forest strata. For infested forests, on average, the data combination improved the model performance by 14-15% in R 2 compared to the use of Landsat or MASTER, while the model RMSE decreased by 0.04-0.06. Similarly, for uninfested forests, the average model improvements were 13% and 17% in R 2 , with decreases of 0.06 and 0.10 in RMSE. Clearly, the combination of Landsat and MASTER demonstrated high potential to improve burn severity assessment in both types of forests with and without disease infection. However, the comparison between Landsat and MASTER showed slightly different trends (Fig. 3) . For uninfested trees, the application of Landsat had better model performance in almost all the forest strata (except the substrate layer), with an average increase of 5% in R 2 and a decrease of 0.06 in RMSE. For infested trees, while Landsat outperformed MASTER at the shrub, dominant and average tree layers, MASTER was better for estimating burn severity at the substrate and intermediatesized tree layers (Fig. 3) . The comparisons confirmed the high value of applying the typical pre-and post-fire Landsat data bundle in burn severity mapping, while MASTER data with a higher spectral resolution and extra mid-thermal bands may outperform Landsat under certain circumstances (e.g., the intermediate-sized layer in infested forests). However, we noted that the addition of MASTER to Landsat provided the best solution (i.e., higher model R 2 and lower RMSE) compared to the use of MASTER or Landsat data only (Fig. 3) .
Scatter plots of the burn severity modeled by Landsat and/or MASTER data versus field validation measurements are presented in Figs. 4 and 5, representing infested and uninfested forests, respectively. Similar to our findings during model calibration (Fig. 3) , burn severity assessments using the combination of Landsat and MASTER showed better results (i.e., higher agreements with field measurements) than those using data from individual sensors for most of the evaluated forest strata, and burn severity at the dominant tree layer was found to be more accurate to estimate (Figs. 4 and 5) . However, exceptions remained. For example, data combination did not improve the model performance at the substrate and average layers, with estimation results even poorer than using Landsat only for the infested forests (Fig. 4) . This can be explained by the low variance of burn severity CBI values acquired from the infested forests, where the addition or subtraction of individual field measures may have significantly affected model performance, resulting in less robust models. Especially for the understory layers, SOD increased fuel loads (Metz et al., 2011) , which was expected to be the main reason causing similar burn effects with low variance. Compared to uninfested forests, infested stands clearly introduced higher variation to forest spectral reflectance, making it challenging to remotely sense burn severity in diseased trees.
To explore the potential reasons why the models combining both Landsat and MASTER data sets led to improved burn severity assessments in the evaluated forest landscape, we analyzed the independent variables that have significantly contributed to the integrated models. Table 3 shows that Landsat-derived variables (e.g., NDVI, NBR, dNBR, red and NIR bands) still played a critical role in burn severity estimation in both infested and uninfested forests. Similar to several previous findings, this may be explained by the fact that fire can cause remarkable decreases in chlorophyll content and vegetation moisture leading to lower visible and NIR reflectance and higher SWIR reflectance (White et al., 1996; De Santis and Chuvieco, 2007) . Among these variables, the most common one was NDVI that appeared in five of the total 10 models and was negatively correlated with burn severity (Table 3) . Surprisingly, this finding is slightly different from some of those in the literature, where NBR or dNBR, rather than NDVI, extracted from the NIR SWIR bands showed stronger correlations with CBI (De Santis and Chuvieco, 2007) . Because our study area was located in a mountainous coastal region, it was possible that microclimates led to high variation in vegetation water content, thus increasing variation in the SWIR spectral bands and NBR and dNBR values.
We further found improved model performance using post-fire Landsat and MASTER data, as opposed to the typical pre-and postfire Landsat bundle for estimating burn severity, because most of the independent variables used in the final integrated models were based on the 2008 data (Table 3) . Compared to Landsat, the unique features of MASTER data laid in two aspects: (i) higher spectral resolution (i.e., 25 MASTER bands versus six Landsat bands in VNIR SWIR), and (ii) extra 25 MIR TIR bands. Thus, it was meaningful to investigate whether these features can exert positive impacts on burn severity mapping. In Table 3 , we found that 12 variables from the MASTER sensor (versus five variables from Landsat) contributed to the burn severity assessments. Specifically, four variables were within VNIR SWIR, with five variables from MIR TIR, and three spectral indices (i.e., NSEv1 M , SMI M and NDVI M ) derived from both the VNIR SWIR, MIR TIR spectral ranges. The reason that a larger number of MASTER-derived variables showed significance in the final models could be explained by the fact that the MASTER narrow spectral bands were sensitive to the changes in forest conditions. Even if such changes were subtle, the variables that had a higher ability to explain variance in burn severity may vary, probably shifting to other variables when modeling different forest strata. Results also revealed the significant contributions of several unique indices (e.g., NSEv1 M and SMI M ) that were derived from the MASTER's MIR TIR bands. These extended spectral ranges were possibly robust against fire smoke-caused scattering enabling a 'clear' view of ground burn severity, similar to the findings discovered by Veraverbeke et al. (2012) .
Hence, we may conclude that (i) high spectral resolution MAS-TER data (using extended MIR TIR spectral bands) have the Table 3 Burn severity models using synergized Landsat and MASTER data for multiple forest strata (except the herb layer). potential to augment the performance of applying Landsat imagery to assess forest burn severity in both healthy and diseased trees; and (ii) the combination of MASTER and Landsat data collected after fire disturbances may retain or even improve the performance of burn severity estimation using the typical pre-and post-fire Landsat data bundle, facilitating landscape-scale forest fire management if pre-fire high-quality remote sensing data are not possible to obtain.
Comparison between infested and uninfested forests
As discussed in the previous section, data combination using Landsat and MASTER demonstrated high potential to improve the accuracy of assessing burn severity than using individual sensors in both infested and uninfested forests. And among all the forest strata evaluated, the dominant tree layer generated the most accurate results. Hence, the following comparisons of burn effects Fig. 6 . The dominant-tree-layer burn severity maps generated by applying synergized Landsat and MASTER data to infested, uninfested and the entire host (combined) forest community. Inset (c1) is a sample burned forest stand comprised of trees (a) affected by disease and (b) unaffected, with black lines in (c) representing the boundaries of these two communities.
Table 4
Summary statistics (i.e., area, percentage of total area, minimum, maximum, mean, median and standard deviation) of the burn severity in forests affected by the disease. only focus on applying the integrated models (Table 3) to the dominant tree layer. Fig. 6 shows three burn severity maps for infested, uninfested and the entire (combined) forest community. A rainbow legend was used, with green color indicating low severity of burns, red color showing severe burns, and white color representing non-forested lands. Inset (c) is a sample burned forest stand comprised of trees (a) affected by disease and (b) those that were not, with black lines in (c) representing the boundaries of these two communities. Surprisingly, burn severity unveiled a smooth transition on the boundaries of infested and uninfested stands (Fig. 6) , with similar phenomenon observed in many other locations of the study area. While it was expected that burn severity may increase in infested forests as a result of reduced foliar moisture content and increased forest fuels, such phenomenon was not clearly exposed in the burn severity map created in our study. Besides infestation, we found that complex local microclimates (e.g., caused by topography) may also play a role in determining burn severity (Lee et al., 2009) . To quantify the differences in burn severity between infested and uninfested forests, we summarized their area, percentage, minimum, maximum, mean, median and standard deviation for three burn severity categories of low (CBI [0,1]), moderate (CBI ∈ [1,2]) and high (CBI ∈ [2,3]), respectively (Tables 4 and 5) . In this research, we found that a higher area percentage of low-severity burns and a smaller area percentage of high-severity burns occurred in infested than uninfested forests (i.e., low: 61.2% versus 38.7%; high: 11.4% versus 26.1%). This could be explained by two facts. First, most of the infested trees were within the narrow strip in the west of the study area (Fig. 6) , as a consequence of SOD invasion starting from the coast of Pacific Ocean in the west (Rizzo et al., 2005) . However, the uninfested trees still occupied a large portion of the area, i.e., 6.3 times larger than the coverage of the infested forests (Fig. 6) . Second, most of the severe burns occurred in the central part of our study area, out of the distributions of the majority of infested trees (Fig. 6) . In terms of the comparison of the same level of burn severity, we found similar statistical results (i.e., similar mean, median and standard deviation) within the two categories of moderate and high levels of burns for both infested and uninfested forests (Tables 4 and 5 ). However, the results also showed that in the category of low burn severity, uninfested forests tended to have a much lower burn effect than that in infested forests (e.g., mean: 0.16 versus 0.41; median: 0.00 versus 0.42). This was possibly due to the higher water content in healthy tree leaves that were more resilient to small fires.
Conclusions
Today's forest ecosystems are increasingly affected by a variety of disturbances including fires and emerging infectious diseases, which makes it challenging to accurately assess post-fire burn severity. In this study, we evaluated the performance of using (pre-and post-fire) Landsat and (post-fire) MASTER data to assess burn severity in a California coastal forest ecosystem, which has been affected by a non-native infectious disease SOD since the mid-1990s. Results showed that the combination of Landsat and MASTER consistently generated better results than those using Landsat or MASTER only in almost all the evaluated forest strata (e.g., substrate, shrubs, intermediate-sized trees, dominant trees and the average), among which the best result was achieved at the dominant tree layer. The application of MASTER MIR and TIR spectral bands (3.0-12.5 m) was found to augment burn severity assessments from Landsat for both uninfested and diseased forests. We further found improved model performance using integrated MASTER and Landsat data collected after the fire event, rather than the typical pre-and post-fire Landsat bundle, suggesting that postfire high spectral resolution MASTER data may have the potential to retain or even improve the burn severity estimation accuracy if prefire high-quality remote sensing data are not possible to obtain (e.g., due to high percent cloud cover). It was also discovered that the burn severity models developed for the uninfested forests outperformed the ones for the infested trees, indicating that the invasion of SOD has introduced high spectral variation to local forests, where single sensors and simple models (e.g., linear regression) may not be sufficient to fully describe the complex relationship between remotely sensed spectral reflectance and burn severity. In addition, statistical results showed that both the infested and uninfested forests similarly experienced moderate and high levels of burns (CBI > 1). The difference occurred in the forests with low burn severity (CBI < 1), where uninfested trees had a much lower burn effect than that in infested trees, possibly due to the fact that healthy tree with higher water content and less fuels were more resilient to small fire disturbances. Because several factors (e.g., the characteristics of data and study area) may affect our findings, future research is needed to verity the robustness of combining high-spectral MAS-TER and multi-date Landsat in burn severity assessment over other diseased forests.
